The spatiotemporal distribution of landslides provides valuable insight for the understanding of disastrous processes and landslide risk assessment. In this work, we compiled a catalog of landslides from 1996 to 2017 based on existing records, yearbooks, archives, and fieldwork in Shaanxi Province, China. The statistical analyses demonstrated that the cumulative frequency distribution of the annual landslide number was empirically described by a power-law regression. Most landslides occurred from July to October. The relationship between landslide time interval and their cumulative frequency could be fitted using an exponential regression. The cumulative frequency of the landslide number could be approximated using the power-law function. Moreover, many landslides caused fatalities, and the number of fatalities was related to the number of landslides each month. Moreover, the cumulative frequency was significantly correlated with the number of fatalities and exhibited a power-law relationship. Furthermore, obvious differences were observed in the type and density of landslides between the Loess Plateau and the Qinba Mountains. Most landslides were close to stream channels and faults, and were concentrated in cropland at elevations from 600-900 m and on slope gradients from 30-40 • . In addition, the landslide frequency increased as the annual rainfall levels increased over a large spatial scale, and the monthly distribution of landslides presented a significant association with the precipitation level. This study provides a powerful method for understanding the spatiotemporal distribution of landslides via a rare landslide catalog, which is important for engineering design and planning and risk management. landslide events have been increasing because of population and economic growth, land use changes, and precipitation extremes [11, 12] .
Introduction
Landslides are frequent geohazards that cause significant casualties and economic losses every year all over the world [1] [2] [3] [4] [5] [6] [7] [8] . Shaanxi Province in China exhibits an extremely high exposure risk for landslides because of its peculiar geomorphological and geological characteristics [9, 10] . In particular, The study area consists of two different types of landscapes in Shaanxi Province that can be approximately classified as the Loess Plateau and the Qinba Mountains in Shaanxi Province.
The Loess Plateau in Shaanxi Province is covered by thick loess or similar deposits. Loess is a highly porous, clastic, homogeneous, and silty sedimentary deposit formed by the accumulation of wind-deposited material [9, 32] , and the sedimentary thickness varies greatly [9] . This area is severely incised and characterized by a fragmented topography [9, 33] . The stratigraphy from top to bottom is Malan loess, Lishi loess, Wucheng loess, and Mesozoic basement rocks. The materials and units of the Mesozoic rock basement of loess include monzonitic granite, biotite monzonitic granite, granodiorite, rapakivi granite, etc. Gabbroic-dioritic dark inclusion are commonly found in rock masses. Some rocks exhibit a plaque-like structure.
The Qinba Mountains are located in southern Shaanxi Province and formed during the collision of the North China Block and the South Chinese Yangtze Platform. The geology of the Qinba Mountains, which formed in response to intense tectonic activity and multiple crustal block interactions, is complex [34] . This area has many active faults, thrusts, and folds [35] . The Qinba Mountains are mainly metamorphic rocks and granites, including multi-schist, gneiss, dolomite, limestone, marble, slate, phyllite, etc. The deep metamorphic rocks are part of the Taihua Group and the Qinling Group of the former Ordovician. During the Yanshan period, granite intruded into the metamorphic rocks of the Taihua Group. The rock is hard and has a massive structure, and the lithology is uniform. Joints have developed and crossed each other. The granite body is divided into diamond-shaped blocks of different sizes. Most rock formations are layered structures that are dense and of medium strength, and these units are prone to landslides. The fragmented landscape was sculpted by the rapid tectonic uplift that started in the Tertiary and Quaternary and by intense soil erosion. The steep topography and high-intensity rainfall make this area prone to landslides. Landslides triggered by rainfall [36] and earthquakes are very widespread. The Qinba Mountains are located in southern Shaanxi Province and formed during the collision of the North China Block and the South Chinese Yangtze Platform. The geology of the Qinba Mountains, which formed in response to intense tectonic activity and multiple crustal block interactions, is complex [34] . This area has many active faults, thrusts, and folds [35] . The Qinba Mountains are mainly metamorphic rocks and granites, including multi-schist, gneiss, dolomite, limestone, marble, slate, phyllite, etc. The deep metamorphic rocks are part of the Taihua Group and the Qinling Group of the former Ordovician. During the Yanshan period, granite intruded into the metamorphic rocks of the Taihua Group. The rock is hard and has a massive structure, and the lithology is uniform. Joints have developed and crossed each other. The granite body is divided into diamond-shaped blocks of different sizes. Most rock formations are layered structures that are dense and of medium strength, and these units are prone to landslides. The fragmented landscape was sculpted by the rapid tectonic uplift that started in the Tertiary and Quaternary and by intense soil erosion. The steep topography and high-intensity rainfall make this area prone to landslides. Landslides triggered by rainfall [36] and earthquakes are very widespread.
Data Collection

Landslides in Shaanxi Province have a high yearly frequency and are associated with large numbers of fatalities and large economic losses [10] . A detailed historical landslide database is an important tool for use in statistical analyses of these phenomena [35] . Because a single earthquake occurs in a particular year and triggers few landslides, there is no periodic pattern, and it is difficult to determine the rules of nonseismic landslides. Thus, we focused on nonseismic landslides and developed a catalog of landslides using existing landslide records and archives in this study. Most of the information on landslide occurrences was collected from the Shaanxi Province Yearbook of Disaster Prevention. Moreover, we conducted a considerable amount of fieldwork during 2015-2018 in the study area ( Figure 2 ), in which we measured and mapped 120 landslides in detail. The fieldwork was aided by the interpretation of remote sensing images, Google Earth images, and geological and geomorphological maps. However, these images and maps do not offer detailed dates of landslide occurrences. Hence, we obtained most of the landslide temporal information from the Shaanxi Province Yearbook of Disaster Prevention. We validated and cross-checked this information using fieldwork, scientific reports, local historical archives, and chronicles. The landslide information from different sources validated each other. The landslide information includes the locations, mass movement type, and reported landslide dates. During the fieldwork, we also collected information on the slope gradient, elevation, curvature, and slope aspect. All landslides were classified according to the classification of Varnes [37] and Hungr et al. [38] , and include slides, falls, and debris flows. This catalog includes 695 reported landslide occurrences from 1996 to 2017, including 210 falls, 376 slides, and 109 debris flows ( Figure 1 ). No landslides from 1996 to 2017 in this study area were reactivations. This inventory represents a continuous source of landslide information. The landslide information included the landslide site numbers, types, locations, nearest populated places, losses, dates of occurrences, fatalities, etc. The site number includes a unique ID number for each individual landslide. The locations of landslides are denoted by latitude and longitude coordinates. The nearest populated places include villages, cities, and regions. The fatalities indicate the number of deaths caused by fatal landslides. We imported the landslide information into a geographic information system (GIS). Digital terrain analysis was performed with ArcGIS 10.2 (ESRI Inc. Redlands, CA, USA) and SAGA 6.0.0 software (Institute of Geography at the University of Hamburg, Hamburg, Germany). Here, the landslide information was preferential toward only landslides that affected buildings and roads, those resulting in fatalities and damages, and those that were near residential areas. In fact, it was very difficult to obtain complete inventories over large areas. The landslide dataset in this study area provides a minimum landslide number and represents the baseline for empirical thresholds of landslide temporal trends. The accuracy and precision of the mapped landslides were sufficient for use in investigating the spatiotemporal distribution. 
Power-Law Relationship
We used the power-law relationship to fit the cumulative frequency of the annual landslide number, daily landslide number, and fatality number. These relationships can be expressed as follows:
where CCF is the cumulative frequency; N L is the annual landslide number, daily landslide number, or and fatality number; and a and b are constants.
Exponential Relationship
We used an exponential relationship to fit the cumulative frequency of time intervals between landslide events. This relationship can be expressed as follows:
where CCF T is the cumulative frequency, T is the time interval between landslide events, and c and d are constants.
Spatial Analysis of Landslides
In this work, we used the kernel density estimation, mean center, density, and surface tools of the ArcGIS software to conduct the spatial analysis of the landslides. The resolution of the digital elevation model (DEM) was 25 m × 25 m. The stream channels were obtained from the DEM using the SAGA software hydrology module. We interpolated the average annual rainfall data using ordinary kriging. Then, we calculated the statistics of the landslide number distribution for different elevations, annual rainfall, faults, slope gradients, and land use. Moreover, we analyzed the cumulative frequency of the annual landslide number and found that it decreased sharply as the annual landslide number increased. Although a limited theoretical basis is available to obtain a regression to fit this relation, we could fit this decay using a simple power-law regression (Figure 4 ), which suggests that a self-similar behavior occurs in this relation. This function resulted in the following relationships:
Results and Interpretation
where CF is the cumulative frequency and N L is the annual number of landslides. As shown in Figure 4 , we determined the 95% confidence bounds. Figure 5A shows the monthly landslide number and fatalities over the past 22 years. Approximately 80% of the total landslide occurrences and fatalities occurred between July and October. We further found that the monthly landslide number was related to the monthly fatality number. The monthly fatality number increased as the monthly landslide number increased. This relation can be described using a linear fitting curve ( Figure 5B ). Moreover, we analyzed the cumulative frequency of the annual landslide number and found that it decreased sharply as the annual landslide number increased. Although a limited theoretical basis is available to obtain a regression to fit this relation, we could fit this decay using a simple power-law regression (Figure 4 ), which suggests that a self-similar behavior occurs in this relation. This function resulted in the following relationships:
Monthly and Seasonal Distribution of Landslides
The Temporal Distribution of Landslides
where CF is the cumulative frequency and NL is the annual number of landslides. As shown in Figure  4 , we determined the 95% confidence bounds. Figure 5A shows the monthly landslide number and fatalities over the past 22 years. Approximately 80% of the total landslide occurrences and fatalities occurred between July and October. We further found that the monthly landslide number was related to the monthly fatality number. The monthly fatality number increased as the monthly landslide number increased. This relation can be described using a linear fitting curve ( Figure 5B ).
Monthly and Seasonal Distribution of Landslides
Fall (50% of the total landslides) was the most destructive season, followed by summer (40% of the total landslides), spring (6% of the total landslides), and winter (3% of the total landslides) ( Figure  5A ). Fall (50% of the total landslides) was the most destructive season, followed by summer (40% of the total landslides), spring (6% of the total landslides), and winter (3% of the total landslides) ( Figure 5A ).
Daily Landslide Number and Time Intervals between Landslide Occurences
As illustrated in Figure 5A , the year can be divided into two parts: the period with the majority of landslides was from July to October, and the period with the fewest landslides was from November to June. The months with the majority of landslide occurrences are frequently evaluated. Thus, we focused on the temporal landslide distribution from July to October. To facilitate the investigation of the temporal distribution of landslides, we defined a single landslide event as all landslide occurrences on the same day. As shown in Figure 6B , the average time interval between landslide events was approximately six days, which implies that landslide events were very frequent. Most time intervals between landslide events were very small, and time intervals of less than two days accounted for 45% of the total time intervals.
Approximately 80% of the total landslide occurrences and fatalities occurred between July and October. We further found that the monthly landslide number was related to the monthly fatality number. The monthly fatality number increased as the monthly landslide number increased. This relation can be described using a linear fitting curve ( Figure 5B ).
Fall (50% of the total landslides) was the most destructive season, followed by summer (40% of the total landslides), spring (6% of the total landslides), and winter (3% of the total landslides) ( Figure  5A ). As illustrated in Figure 5A , the year can be divided into two parts: the period with the majority of landslides was from July to October, and the period with the fewest landslides was from November to June. The months with the majority of landslide occurrences are frequently evaluated. Thus, we focused on the temporal landslide distribution from July to October. To facilitate the investigation of the temporal distribution of landslides, we defined a single landslide event as all landslide occurrences on the same day. As shown in Figure 6B , the average time interval between landslide events was approximately six days, which implies that landslide events were very frequent. Most time intervals between landslide events were very small, and time intervals of less than two days accounted for 45% of the total time intervals.
In addition, we found that the cumulative frequency decreased with increasing landslide time intervals. This relation could be approximated using an exponential function ( Figure 6A ):
where CFt is the cumulative frequency and t is the landslide time interval. Furthermore, we analyzed the cumulative frequency of the daily landslide number during the studied time period and found that the cumulative frequency decreased as the daily landslide number increased. This relation was empirically well correlated with the power-law function ( Figure  7 ). In addition, we found that the cumulative frequency decreased with increasing landslide time intervals. This relation could be approximated using an exponential function ( Figure 6A) :
where CF t is the cumulative frequency and t is the landslide time interval. Furthermore, we analyzed the cumulative frequency of the daily landslide number during the studied time period and found that the cumulative frequency decreased as the daily landslide number increased. This relation was empirically well correlated with the power-law function (Figure 7 ). 
Landslide Distribution Associated with Rainfall
As shown in Figure 8 , an obvious relationship occurred between the monthly precipitation and landslide number. The monthly rainfall distribution and landslide number were highly consistent. Most of the landslides occurred during the rainy season, and approximately 69% and 87% of the total landslides in the Loess Plateau and Qinba Mountains were concentrated from July to October, respectively. However, although relatively little rainfall occurred in October, more landslides were observed during this month because the soil moisture was relatively high due to the high rainfall in the preceding three months. Moreover, most of the landslides were triggered by long-lasting and intense rainfall events. For example, landslides occurred on 5 July 2011 in Lueyang and on 13 July 2013 in Wuqi County (Figure 9 ), and although the rainfall on 13 July 2013 was low, the high rainfall during the preceding time period was responsible for this occurrence. 
The Spatial Distribution of Landslides
Geographical Distribution of Landslide Types and Densities among Different Geomorphologic Types
The landslide map shows 695 nonseismic landslides from the approximately 22-year interval between 1996 and 2017 in Shaanxi Province. The average number density in the Loess Plateau and Qinba Mountains was 21 and 53 landslides per 104 km 2 , respectively. The average number density in the Qinba Mountains was 2.5 times higher than that in the Loess Plateau. Moreover, the landslides were clustered in space. As illustrated in Figure 10 , several landslide cluster centers were found.
In addition, most landslides were of the slide type in Shaanxi Province. Of the total number of landslides, 30% were falls, 54% were slides, and 16% were debris flows. The distribution of landslide types differed between the Loess Plateau and the Qinba Mountains. Falls accounted for 55% of the total landslides observed in the Loess Plateau but only 16% of the total landslides in the Qinba Mountains. Debris flows constituted 5% of the total landslides in the Loess Plateau but 22% of the total landslides in the Qinba Mountains ( Figure 10 ). To reveal the spatial distribution, we calculated the mean centers of the landslides. As shown in Figure 10 , the mean center of the falls type occurred in the Loess Plateau, and the mean centers of the slides and debris flows were in the Qinba Mountains. These results imply that there were different mean centers for different landslide types. Falls in the Loess Plateau accounted for approximately 68% of the total falls in Shaanxi Province, and debris flows in the Qinba Mountains accounted for approximately 88% of the total debris flows in Shaanxi Province. These findings suggest that falls were prone to occurring in the Loess Plateau and that debris flows were prone to occurring in the Qinba Mountains. 
The Spatial Distribution of Landslides
Geographical Distribution of Landslide Types and Densities among Different Geomorphologic Types
In addition, most landslides were of the slide type in Shaanxi Province. Of the total number of landslides, 30% were falls, 54% were slides, and 16% were debris flows. The distribution of landslide types differed between the Loess Plateau and the Qinba Mountains. Falls accounted for 55% of the total landslides observed in the Loess Plateau but only 16% of the total landslides in the Qinba Mountains.
Debris flows constituted 5% of the total landslides in the Loess Plateau but 22% of the total landslides in the Qinba Mountains ( Figure 10 ). To reveal the spatial distribution, we calculated the mean centers of the landslides. As shown in Figure 10 , the mean center of the falls type occurred in the Loess Plateau, and the mean centers of the slides and debris flows were in the Qinba Mountains. These results imply that there were different mean centers for different landslide types. Falls in the Loess Plateau accounted for approximately 68% of the total falls in Shaanxi Province, and debris flows in the Qinba Mountains accounted for approximately 88% of the total debris flows in Shaanxi Province. These findings suggest that falls were prone to occurring in the Loess Plateau and that debris flows were prone to occurring in the Qinba Mountains. 
Relationships between Landslides and Influencing Factors
Rivers undercut the foot of the slopes and influence the slope instability. The distances to stream channels were calculated using the Euclidean Distance ArcGIS Tool. Concentrated water erosion influences the landslide occurrences. Figure 11A reveals that most landslides occurred near rivers. Additionally, further analysis found that the cumulative frequency gradually decreased as the distance to stream channels increased, and this relationship could be fitted well using an exponential function ( Figure 11B ).
Elevation is considered an important frequently used parameter. The relationship between the landslide frequency and elevation is shown in Figure 11C . The elevation varied between 170 m and 3767 m. The elevation was explored by binning elevation values into 300-m intervals. We divided elevations into six groups. The highest density of landslides occurred at elevations of 600-900 m. The middle of the province, where the elevation is low and landslide occurrences were relatively fewer, encompasses a larger area of cropland and population. The higher elevations in this study area are covered by dense forest. The landslide frequency ratios (the ratio of the landslide number to the area for each category) indicated that the relative density of landslide occurrences first increased and then decreased with increasing elevation. 
Elevation is considered an important frequently used parameter. The relationship between the landslide frequency and elevation is shown in Figure 11C . The elevation varied between 170 m and 3767 m. The elevation was explored by binning elevation values into 300-m intervals. We divided elevations into six groups. The highest density of landslides occurred at elevations of 600-900 m. The middle of the province, where the elevation is low and landslide occurrences were relatively fewer, encompasses a larger area of cropland and population. The higher elevations in this study area are covered by dense forest. The landslide frequency ratios (the ratio of the landslide number to the area for each category) indicated that the relative density of landslide occurrences first increased and then decreased with increasing elevation. Figure 12A shows the spatial distribution of the average annual rainfall and faults in Shaanxi Province. The mean annual precipitation for the period of 1957-2016 was used to create the precipitation distribution map using the inverse distance-weighted method. The average annual rainfall gradually decreased from south to north. To show the relationship between the landslide distribution and annual rainfall, we classified the study area into three categories according to the annual rainfall level: <500 mm, 500-700 mm, and >700 mm. As shown in Figure 12B , the number of landslides also decreased as the average annual rainfall decreased. About 64% of all landslides occurred in areas with an annual rainfall >700 mm, which covered 42% of the study area. The frequency ratio in the areas with rainfall >700 mm was 4.36 times that in the area with rainfall <500 mm.
The distance to a fault is also considered an important landslide-influencing factor. To assess the relationship between the distance to a fault and landslide occurrences, the distance to faults were calculated to create three buffer zones with the following intervals: 0-5 km, 5-50 km and >50 km. Statistical analysis demonstrated that the landslide frequency decreased as the distance from the fault increased and that most of the landslides (66%) were concentrated within a distance from a fault of less than 5 km ( Figure 12C ). Hence, the closer an area is to a fault, the higher the landslide density. Figure 12A shows the spatial distribution of the average annual rainfall and faults in Shaanxi Province. The mean annual precipitation for the period of 1957-2016 was used to create the precipitation distribution map using the inverse distance-weighted method. The average annual rainfall gradually decreased from south to north. To show the relationship between the landslide distribution and annual rainfall, we classified the study area into three categories according to the annual rainfall level: <500 mm, 500-700 mm, and >700 mm. As shown in Figure 12B , the number of landslides also decreased as the average annual rainfall decreased. About 64% of all landslides occurred in areas with an annual rainfall >700 mm, which covered 42% of the study area. The frequency ratio in the areas with rainfall >700 mm was 4.36 times that in the area with rainfall <500 mm.
The distance to a fault is also considered an important landslide-influencing factor. To assess the relationship between the distance to a fault and landslide occurrences, the distance to faults were calculated to create three buffer zones with the following intervals: 0-5 km, 5-50 km and >50 km. Statistical analysis demonstrated that the landslide frequency decreased as the distance from the fault increased and that most of the landslides (66%) were concentrated within a distance from a fault of less than 5 km ( Figure 12C ). Hence, the closer an area is to a fault, the higher the landslide density. The slope gradient, which can influence the regional hydraulic behavior and moisture content, is a basic topographical feature. Slope gradients derived from the DEM ranged from 0° to 86°. We divided the slope gradients into seven categories. As shown in Figure 13A ,C, most of the landslides occurred on slopes of 30-40°. The lowest frequencies of landslides were on gentle and steep slopes. However, in terms of the frequency ratio (FR), the landslide relative frequency increased as the slope gradient increased. The FR approach found that slopes of more than 60° had the highest relative frequency.
Land use was a significant factor influencing the slope instability. Vegetation protects slopes against soil erosion and shallow landslides. Here, we grouped the land use types into six classes: forest, grassland, cropland, settlement, water body, and other land. Grassland is the main land use type and cropland was the second-largest land use type. More than 71% of the area had a cropland or grassland use type. Settlements are distributed along the river valleys and gullies. As shown in Figure 13B ,D, the majority of the landslides occurred on cropland and grassland. The FR approach found that settlement land use exhibited the highest relative landslide frequency. The slope gradient, which can influence the regional hydraulic behavior and moisture content, is a basic topographical feature. Slope gradients derived from the DEM ranged from 0 • to 86 • . We divided the slope gradients into seven categories. As shown in Figure 13A ,C, most of the landslides occurred on slopes of 30-40 • . The lowest frequencies of landslides were on gentle and steep slopes. However, in terms of the frequency ratio (FR), the landslide relative frequency increased as the slope gradient increased. The FR approach found that slopes of more than 60 • had the highest relative frequency.
Land use was a significant factor influencing the slope instability. Vegetation protects slopes against soil erosion and shallow landslides. Here, we grouped the land use types into six classes: forest, grassland, cropland, settlement, water body, and other land. Grassland is the main land use type and cropland was the second-largest land use type. More than 71% of the area had a cropland or grassland use type. Settlements are distributed along the river valleys and gullies. As shown in Figure 13B ,D, the majority of the landslides occurred on cropland and grassland. The FR approach found that settlement land use exhibited the highest relative landslide frequency. Lithology can influence the geo-mechanical characteristics of soil. We grouped the geological units of the study into five classes, as shown in Figure 14 . Classes one to five represent very soft rock, soft rock, moderately soft rock, hard rock, and very hard rock, respectively. Loess is the dominant lithology in class 1. Loess has the characteristics of a higher water permeability and collapsibility. In terms of the frequency ratio (FR), lithology class 4 was the most landslide-prone ( Figure 14A,B) . Lithology can influence the geo-mechanical characteristics of soil. We grouped the geological units of the study into five classes, as shown in Figure 14 . Classes one to five represent very soft rock, soft rock, moderately soft rock, hard rock, and very hard rock, respectively. Loess is the dominant lithology in class 1. Loess has the characteristics of a higher water permeability and collapsibility. In terms of the frequency ratio (FR), lithology class 4 was the most landslide-prone ( Figure 14A 
Distribution of Fatality Numbers
Landslides that caused deaths accounted for approximately 42% of the total collected landslides. The average fatality number caused by fatal landslides was three persons. Some serious fatal landslides caused the majority of fatalities within a certain year. For example, the Shanyang landslide, which occurred on 12 August 2015 resulted in 65 deaths. Here, based on the analysis of the cumulative frequency of fatalities associated with fatal landslides, we found that the cumulative frequency decreased sharply as the fatality number increased. This relation can be approximated using a power-law regression ( Figure 15 ): 
where CFf is the cumulative frequency and Nf is the number of fatalities. 
Landslides that caused deaths accounted for approximately 42% of the total collected landslides. The average fatality number caused by fatal landslides was three persons. Some serious fatal landslides caused the majority of fatalities within a certain year. For example, the Shanyang landslide, which occurred on 12 August 2015 resulted in 65 deaths. Here, based on the analysis of the cumulative frequency of fatalities associated with fatal landslides, we found that the cumulative frequency decreased sharply as the fatality number increased. This relation can be approximated using a power-law regression ( Figure 15 ):
where CF f is the cumulative frequency and N f is the number of fatalities. 
Discussion
Completeness of Landslide Catalogs
Mapping the consistent temporal occurrence of landslides is a very challenging task when covering large physiographic and climatic regions over significantly long periods [39] . Therefore, the most widespread landslide catalogs are concerned with the spatial information of landslide events and have not specifically recorded landslide occurrences over time [40, 41] . Some researchers have established global-, continental-, national-, and regional-scale landslide catalogs [5, 31, 42, 43] . However, there is still no complete historical database of landslides in Shaanxi Province, China. In this work, we provide a first attempt to analyze the spatiotemporal distribution of landslides. We collected historical temporal and spatial records of landslides as completely as possible and used these data to study the statistical characteristics of landslides during the past 22 years in Shaanxi Province, China. Here, the catalogs include only landslides that were located near infrastructures and that resulted in damage. These catalogs are meaningful and informative for this study, as discussed above.
Temporal Distribution of Landslides
Frequency Distribution of the Time Intervals between Landslide Events
Several systems tend to exhibit a critical state and a power-law distribution that stems from selforganized criticality, and these systems include sand piles, earthquakes, and landslides [21, 35, 44, 45] . Many researchers have used distribution curves to fit the probability density of interevent occurrences in environmental time series [16, 46, 47] . In this study, we modeled the cumulative frequency of the landslide time intervals using a least squares technique and found that the cumulative frequency of landslide time intervals from July to October followed an inverse powerlaw distribution. This result is similar to that of Witt et al. [16] , who showed that the probability density of landslide time intervals followed a power-law function. These equations are important for developing landslide erosion models and performing risk assessments in a given area. 
Frequency Distribution of Daily Landslide Numbers
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Frequency Distribution of the Time Intervals between Landslide Events
Several systems tend to exhibit a critical state and a power-law distribution that stems from self-organized criticality, and these systems include sand piles, earthquakes, and landslides [21, 35, 44, 45] . Many researchers have used distribution curves to fit the probability density of interevent occurrences in environmental time series [16, 46, 47] . In this study, we modeled the cumulative frequency of the landslide time intervals using a least squares technique and found that the cumulative frequency of landslide time intervals from July to October followed an inverse power-law distribution. This result is similar to that of Witt et al. [16] , who showed that the probability density of landslide time intervals followed a power-law function. These equations are important for developing landslide erosion models and performing risk assessments in a given area.
Frequency Distribution of Daily Landslide Numbers
Although our catalog was built from noninstrumental records, the cumulative frequency distribution of the daily landslide number exhibited an obvious power-law distribution. This result is similar to those from Rossi et al. [18] and Tatard et al. [48] , who showed that inverse power-law scaling exists between the landslide frequency and the daily landslide number. Moreover, the probability density distribution of the daily landslide intensity was approximated using the power-law, zeta, and Zipf distributions. Rossi et al. [18] noted that the proxy limitation of incompleteness may influence the heavy-tailed distribution. Determining the landslide probability distribution over time is very important because it can be used to calculate the landslide number within a given time span under specific circumstances [16, [48] [49] [50] .
The Relation between Landslide Events and Rainfall
Many studies have shown that there are some complex links between landslide events and rainfall forcing [51] . The landslide number was not related to the annual precipitation over a long-term temporal scale [18] . However, further analysis of the landslide occurrences and monthly rainfall revealed that seasonal or monthly rainfall variations were significant for the landslide occurrences. Most landslides occurred during the rainy season. This finding is similar to the results from Lin and Wang [31] and Zhang and Huang [12] , who found that the landslide temporal distribution is closely associated with the monthly rainfall in China. Moreover, the triggering of landslides is strongly related to the daily precipitation. In particular, the landslide number increases with increasing annual precipitation over a large area.
Spatial Distribution of Landslides
The Loess Plateau and Qinba Mountains in Shaanxi Province represent two different types of landscapes. As discussed earlier, obvious differences are observed in the landslide type, density, and time series among these two regions. These differences result from differences in the topography, geomorphology, geology, soil, vegetation, and other characteristics between the Loess Plateau and the Qinba Mountains [35, 52] . We found that the majority of landslides in the Loess Plateau and Qinba Mountains were falls and slides, respectively. In particular, many debris flows occurred in the Qinba Mountains because of the high-intensity rainfall in this area. The landslide density in the Qinba Mountains was obviously higher than that in the Loess Plateau, which can be partly attributed to the intense tectonic activity and higher relative relief and precipitation in the Qinba Mountains. Obvious changes in the number of landslides were not observed from July to October in the Loess Plateau. In contrast, a decrease in the landslide number was observed from July to October in the Qinba Mountains.
The influencing factors have a significant effect on landslide occurrence and can be utilized in landslide prediction in the future [21, 53, 54] . Hence, many authors have used numerous different landslide-influencing factors to conduct landslide susceptibility and hazard assessments [55, 56] . With the development of powerful microcomputers, relevant topographical, geomorphological, and geological factors have been obtained and processed using GIS technology and its applications [57] [58] [59] [60] . Our findings regarding the relationship between the influencing factors and landslide occurrences in this work are similar to those of previous works [55, 56] . In this work, we found that the distance to stream channels, slope gradient, and average annual rainfall play important roles as triggering factors for landslides. Most landslides occur close to the stream channels and within a distance from a fault of less than 5 km. These findings are similar to those of previous studies [52, 61] . The highest relative frequency of landslides occurred at elevations of 600-900 m. The landslide relative frequency increased with the increase of the annual precipitation and slope gradient. This finding is similar to that of Qiu et al. [62] , who found that there exists a strong positive correlation between the relative landslide density and slope gradient. Most landslides were recorded on cropland and grassland. Our results are also similar to those of Meinhardt et al. [61] , who found that the root cohesion of crops and grass is low compared with that of forests. We found that there was no obvious relationship between landslides and lithology. This was because although loess is prone to landslides, relatively lower rainfall occurs over loess terrain.
Distribution of the Fatality Numbers
Landslides kill people every year all over the world [29, 63] . Although numerous studies have focused on individual landslides, landslide distributions, and risk assessments, limited data are available on landslide fatalities [12, 63] . China features the highest number of landslide fatalities but few data on landslide deaths are available. In the present work, the number of fatalities due to individual landslides ranged from 1 to 65. The results show that the cumulative frequency of the fatality number can be fitted using a power-law function. Our findings are similar to those obtained by Guzzetti [63] , Petley [5] , and Zhang and Huang [12] , who found that the frequency distribution of fatalities follows a power-law decay function. This finding is important for the assessment of landslide risk [5] .
Conclusions
We compiled a nonseismic landslide catalog for the period of 1996-2017 in Shaanxi Province, China. The results showed that the cumulative frequency decreased with the increase of the annual landslide number, and the relation could be described using a simple power-law regression. Most landslides were concentrated in the rainy season, and a linear relationship was observed between the fatality number and the landslide number in each month. We found that most time intervals between landslide events were very short, and the relation between the cumulative frequency and landslide time interval could be approximated using an exponential regression. Moreover, the cumulative frequency of the landslide number was empirically well correlated with the power-law regression. The statistical analysis demonstrated that approximately 42% of the total collected landslides caused deaths. The cumulative frequency of the fatality number could be fitted using a power-law relation. Furthermore, we found that the landslide types and densities were significantly different between the Loess Plateau and Qinba Mountains. Landslides occurred closer to stream channels and faults, and cropland and grassland presented high landslide densities. Most landslides were concentrated in areas with slope gradients of 30-40 • , annual rainfall >700 mm, and elevations of 600-900 m. The landslide distribution showed a good correlation with the precipitation levels. The advantages of this analysis are that we developed a detailed historical landslide inventory and have provided a simplified framework for determining the spatiotemporal distribution of nonseismic landslides on a large scale. The limitation of the analysis is that the landslide data were preferentially collected and may be limited in terms of completeness. We expect these findings to be utilized in landslide risk assessment and management in the future.
